This contribution provides a microscopic experimental study of pedestrian motion in front of the bottleneck. Identification of individual pedestrians in conducted experiments enables to explain the high variance of travel time by heterogeneity of the crowd. Some pedestrians are able to push effectively through the crowd, some get trapped in the crowd for significantly longer time. This ability to push through the crowd is associated with the slope of individual linear model of the dependency of the travel time on the number of pedestrians in front of the bottleneck. Further detailed study of the origin of such ability is carried out by means of the route choice, i.e. strategy whether to bypass the crowd or to walk directly through it. The study has revealed that the ability to push through the crowd is a combination of aggressiveness in conflicts and willingness to overtake the crowd.
Introduction
In the last decades many experiments were perfomed to describe, understand, and correctly model important aspects of pedestrian flow and crowd dynamics. Due to variability of the problems investigated caused mainly by the non-linear nature of pedestrian trajectories, the number of the phenomena described is quite high, and often with uncertain quantification. An extensive review of the experiments and the phenomena observed and its use in model calibration can be found in (Helbing et al. 2005; Schadschneider et al. 2009; Schadschneider, Chowdhury, and Nishinari 2010) Particular focus is put on bottleneck flow, i.e., flow through an exit door, narrow corridor, and the like. A very important observation is that the flow continuously depends on the bottleneck width. Furthermore, within a certain reasonable range of width w, the dependence is considered to be linear. In (Seyfried et al. 2009 ) it is suggested that the dependence is J = 1.9 w. However, the actual slope of the dependence is highly influenced by crowd composition, motivation of people to pass, and, very notably, on the bottleneck type (Zhang and Seyfried 2014) .
The most straightforward way how to measure pedestrian flow is to calculate the number of passing pedestrians ∆N during a certain time ∆T , and expressing this flow as ratio J = ∆N/∆T . Such approach assumes the system to be in steady state, which is usually not trivial to detect (Liao et al. 2016) . Moreover, to fully understand the crowd dynamics, it is necessary to express the actual flow J(t) so as to detect the temporal evolution of the flow and smooth out simultaneously the measurement-induced fluctuation (Steffen and Seyfried 2010) .
Microscopic analysis of flow properties is usually performed under the assumption that pedestrians are indistinguishable, and, therefore, the uncertainty of pedestrian reaction is modelled by statistical distribution of some key quantity as e.g. temporal headway ∆t between two consecutive pedestrians. Temporal headway distribution seems to be a very important characteristics of pedestrian flow closely related to the flow, since J = ∆t −1 . An extensive empirical study of temporal headway distribution for various bottleneck widths was undertaken by (Kretz, Grünebohm, and Schreckenberg 2006) . Flow disturbance and distribution of delays caused by the clogging was studied by means of the social-force model in (Parisi and Dorso 2005) . Recently in (Bode and Codling 2016 ) the authors have been investigating statistical models of temporal headway distribution with respect to the conditions in front of the bottleneck (density, angle of the nearest pedestrian, distance of the nearest pedestrian, etc.). Such approach tries to explain flow fluctuations by means of the variability of crowd composition in front of the bottleneck.
Crowd behaviour upstream the bottleneck was investigated by (Duives, Daamen, and Hoogendoorn 2014) and (Bukáček, Hrabák, and Krbálek 2015) . The former investigated the pedestrian's anticipation, the latter the pedestrian's reaction to increasing density. Both papers are based on individual trajectories through the fundamental (velocity-density) diagram.
The ability to track individual trajectories in front of the bottleneck is crucial for micro-structure analysis of the pedestrian crowd. Experimental conditions and advanced image processing techniques enable to track not only the individual trajectories of pedestrians, but even to assign the trajectories to specific participants of the experiment, e.g., using individual markers (Mehner, Boltes, and Seyfried 2016; Mehner et al. 2015) . In (Bukáček, Hrabák, and Krbálek 2014) such approach was used to study the behaviour of individuals participating in the experiment. The experiment was repeated multiple times and therefore provided records of individual participants in various situations. Thus it is possible to classify pedestrians with respect to personal preferences, abilities, or strategies. Their classification is based usually on the exit-choice strategy, as e.g. in (Haghani and Sarvi 2016) .
Classification of pedestrians based on their personal properties is closely related to the term of crowd heterogeneity, which can be studied from a variety of aspects: velocity, ability to push through the crowd, and preferred route choice. Heterogeneity of pedestrians significantly affects the quality of flow (Campanella, Hoogendoorn, and Daamen 2009) , and "diversity of pedestrians is crucial for phase separation" (Seyfried, Portz, and Schadschneider 2010) . In (Bukáček, Hrabák, and Krbálek 2014) , heterogeneity was studied by means of the dependence of the travel time (time spent in the room) on the size of the crowd in front of the bottleneck . Here the slope of such dependence reflects the ability of individual pedestrians to push through the crowd (referred to as aggressiveness). However, in (Bukáček, Hrabák, and Krbálek 2016) we discovered that such ability is not necessarily related to a pedestrian's aggressiveness but also to the preferred route choice, i.e. the decision to push through the crowd directly or bypassing it (i.e. walking around the crowd and reaching the exit by squeezing between the crowd and the wall). The main goal of this paper is to extend the previous studies by a classification of pedestrians with respect to the strategies observed. The key quantity is the time spent in the room and its dependence on the above mentioned aspects and individual's properties.
Preliminaries

Experiments
This paper investigates data from two egress experiments organized at the Czech Technical University in Prague. Specifically, the study is mainly based on the passingthrough experiment conducted on 29th April 2014 (for consistency with other publications referred to as E4) for the purpose of boundary-induced phase transition study, see (Bukáček, Hrabák, and Krbálek 2014) . The individual markers used enabled to carry out extraction of trajectories automatically. Some results are also supported by data from the earlier "passing-through" experiment conducted on 10th December 2012 (refered to as E2), see (Bukáček, Hrabák, and Krbálek 2015) . Nevertheless, only a short video-footage from this experiment was processed manually for this study, and therefore it gives only aggregated information without individual aspects of pedestrians (there are at most 6 paths for each participant, which is not sufficient for a deeper analysis).
Let us describe the idea of experiment E4. A group of 76 volunteer students was passing repetitively through an artificial room, whose layout is illustrated in Fig. 1 . The design of the experiment was as follows. The volunteers were instructed to enter the room, pass through it as fast as possible avoiding running, and then return to the pedestrian cluster in front of the entrance. This technique enabled to maintain constant flow through the room. The inflow rate was controlled using three independent signalling devices informing pedestrians in the crowd to enter the room trough one out of three available entrances. To simulate random inflow conditions, green light was alternated by k · ∆h seconds of red light, where k was generated from geometric distribution; ∆h = 0.6 s was the minimal time step, to which pedestrians were able to react reliably. Each run of the experiment started with an empty room. The pedestrians were wearing contrast hats enabling automatic extraction of individual trajectories. Also, there were unique codes on the hats enabling identification of the pedestrians; therefore every trajectory was assigned to some participant. This arrangement was very useful for comparison of individual participants and of their behaviour.
Definitions
This article works with two main objects of investigation: paths and participants. By the term path we understand one recorded passing of some individual through the room. The path will be denoted by lower-case Latin letters, mainly i, and the index set of all paths will be denoted by upper-case letter I. Each path i ∈ I is assigned a trajectory x i consisting of time-space coordinates, i.e.,
where x i (t) and y i (t) are coordinates of paths i in time t. The time set T i = T in (i), T out (i) covers the period from entrance to the exit of one passing, i.e.,T in (i) is the time of the beginning of path i measured at the entrance and T out (i) is the time of the end of i measured at the exit. Here we note that the path identifier i does not refer to any specific participant, but only to the recorded path.
The term participant refers to a specific participant of the experiment. Semi-automatic detection enabled us to distinguish individual participants of the experiment and extract individual characteristics of participants, because there are several trajectories assigned to each participant. Participants are denoted by Greek letters, mainly α, and the index set of all participants is denoted by A. The index set of all trajectories associated with participant α ∈ A is denoted I α ⊂ I.
The main quantity studied is Travel time defined as the time spent in the room. The travel time T T (i) assigned to path i ∈ I is defined as
Another quantity influencing the path's properties is the mean occupation of the room denoting the average number of pedestrians in the room. The mean occupancy N (i) assigned to path i is defined as time average of the actual occupancy N (t), i.e.,
Here we note that the integral in the definition above is rather formal, because the camera records are limited by the frame-rate, and, technically, the average occupancy is calculated using a sum. On the other hand, this representation enables to calculate the mean occupancy even for event driven updates or records. For readability reasons, the mean occupancy N in the graphs is denoted as N_mean.
To compare the travel time measured under various conditions (although the inflow parameters were fixed for the whole run, the conditions inside the room were changeable), scaling based on mean occupancy is introduced. For each occupancy bin (N − 1, N ], N ∈ 1 . . . N max , the mean travel time T T N is defined as
Then the relative travel time T T R (i) for each path i ∈ I is defined as
As shown below, an important property of path i ∈ I is deviation of the trajectory from straight direction towards the exit at which the pedestrian joined the crowd in front of the exit. Since the moment of joining the crowd is automatically hard to recognize, the angle used for the analysis was the angle while the pedestrian was passing a semicircle with center in the exit e and radius of 1.5 m. The measurement of exit angle ϑ(i) is illustrated in Fig. 2 . The angle of direct trajectory from the entrance to the exit is ϑ ∼ 0 deg, angles of trajectories along the walls are ϑ ∼ ±80 deg; the positive sign refers to the right-hand side with respect to the flow direction. 
Basic Observations
The overview of all runs considered in our experiments is given in Tab. 1. Inflow in the experiments was controlled in order to obtain information about the behaviour of pedestrian crowd under a variety of conditions,and thus we have at our disposal data from a variety of regimes (or phases). Here it is important to note that the steady state has not been reached in every run.This is the reason why inflow J in is slightly higher than outflow J out . The temporal evolution of the room occupancy is depicted in Fig. 3 .
The term free-flow denotes a situation where interactions between pedestrians were rare, and there was no clogging in front of the exit. After increasing the inflow, the interaction started to play role, and small, but stable cluster has been formed in front of the exit. When the outflow reached 1.38 ped/s, the cluster started to grow and would fill the whole room, which would result in significant congestion.
In the previous papers, this experiment was used to describe the boundary-induced phase transition and its properties. To prove the existence of the transition, it was not only the evolution of occupancy that was used another important quantity was the average travel time through the room, which is closely related to the flow.
Travel-time Analysis
This paper focuses on the properties of travel time T T . Despite previous studies, the data are not aggregated with respect to an individual run, but are classified irrespective of inflow/outflow conditions. Our aim is to show that travel time is mainly influenced by the size of clogging in front of the exit represented by mean occupancy N .
For each path i ∈ I, the pair (N (i), T T (i)) is plotted in Figure 4 . Dividing the trajectories according to occupancy N into groups corresponding to (N − 1, N ], we can analyse the dependency on the occupancy in more detail. The mean travel time T T N increases almost linearly with increasing occupancy N .
This linear increase in mean travel time T T is accompanied by increasing variance of the measured travel-time, which is not proportional to the absolute value of the mean. Indeed, comparing the relative travel time of free flow, i.e. without interactions (N ≤ 7), with the relative travel time corresponding to the congestion regime, i.e. involving interactions (N > 7), we can observe a significant increase in variance, as shown in Fig. 5 .
This fact motivated us to investigate the dependence from the point of view of individual pedestrians α ∈ A. Let us denote by T T R,α the set of all relative travel times of paths corresponding to pedestrian α, i.e. T T R,α = {T T R (i) | i ∈ I α }. Box-plots of T T R related to all individuals are plotted in Fig. 6 ; the participants are ordered according to average values of T T R,α .
From this graph it is evident that the increasing variance in T T is caused by heterogeneity of individual properties of individual participants. This motivates us to handle the T T − N dependence separately for each participant.
Let us now consider one arbitrary but fixed pedestrian α. We assume that the relation between T T (i) and N (i) for i ∈ I α can be expressed by means of a piece-wise linear 
model T T (i) =
where intercept a α can be understood as a α = S/v 0,α , S being the entrance-exit dis-tance, and v 0,α the desired free-flow velocity. Parameters a α and b α are unique for each participant. Factor (N − 7) has been derived from the data in order to distinguish situations without and with interactions. From the analysis it follows that for N ≤ 7, the pedestrians are scattered in the room without significant interaction. If N > 7, a cluster or crowd of pedestrians is formed in front of the exit. Values corresponding to three pedestrians can be seen in Fig. 7 . The inverse of slope b α can be interpreted as the ability of pedestrian α to push trough the crowd in order to reach a lower travel time. The steeper the slope is, the more the values influence one another.
Correctness of the linear model has been checked using R 2 statistics, defined as 1 − var(T T − model)/varT T . The closer the statistics is to one, the more the variance in data is explainable by the linear model. The average R 2 statistics is 0.688 with a minimum 0.386 and maximum 0.936. The low values of R 2 statistics were obtained for pedestrians with a low value of slope b α , which is expected, because low slope means that the dependence of T T on N is not significant.
Route Choice
Let us investigate more deeply the aspects explaining the variety of slopes of the linear dependence of T T on N . An important aspect influencing T T is the route choice, more specifically, whether the participant pushes through the crowd directly or rather tries to bypass it, i.e. walks around the crowd and squeeze between the crowd and the wall.
The route choice differences and patterns are visualised in Fig. 8 . The upper row shows all trajectories of given properties in one plot. To avoid optical illusion, we introduce the term path density, illustrating, how many trajectories pass through a given area. More precisely, let the whole area A of the room be artificially divided into disjoint sub-areas A j covering the room, i.e., A = j A j . The path-density ̺(A j ) [path/m 2 ] of the sub-area A j is then defined as
where | · | refers to the number of elements of a finite set or a size of a continuous set.
The path density is given in the lower row of Fig. 8 . For the purpose of discussing the issue, paths related to free-flow were excluded. The remaining paths were divided into four groups according to mean occupancy N and travel-time T T . Two conditions are distinguished: metastable for N ∈ [25, 35] and congested N ∈ [35, 50] . The paths are then divided into slow and fast.
The graphs summarise and offer our observations. In the metastable regime, the crowd size enabled some participants to bypass the crowd, and thus their travel time was significantly lower. However, in the congested regime, the crowd size affected the efficiency of the bypass strategy, and several fast participants pushed through the crowd directly in order to reach a low travel time. Further, we can see that fast participants preferred the right-hand side of the room, which can be due to asymmetry of the experiment outside the room or even imprinted behaviour.
The question is whether the slope of the linear model (6) is determined by the ability to push through the crowd, or rather by the willingness of participants to bypass the crowd. A deeper insight into this issue is provided by investigating the exit angle ϑ(i).
Angle Analysis
The exit angle ϑ(i) has been investigated mainly by using data from experiment E4. The conclusions were supported by data from the congested regime of experiment E2.
In this section two occupancy regimes are considered: without clogging in front of the exit (referred to as free-flow) and with clogging in front of the exit (referred to as congestion). Free-flow is characterized by the low occupancy N ≤ 15, under which the interactions are present, but do not sufficiently affect the route-choice. Congestion is characterized by high occupancy N > 15, under which there is significant clogging in front of the exit, which motivates some participants to bypass the crowd. (Compare this division with that for the linear model, where the presence of interactions was important).
The frequency of path of given angles is depicted in Fig. 9 . As expected, in the free-flow regime exit angles ϑ(i) diverge from 0 • only rarely, 90 % of the angles are within the (−45 • , +45 • ) interval, which corresponds to the straight route between the entrance and the exit (note that there were three entrances, one centred, see Fig. 1 ).
In the congested regime, the angles from the whole range (−90 • , +90 • ) are distributed almost uniformly. Further information is provided in Figure 10 . Boxplots of relative travel-times are plotted against the exit angle. From these graphs we may conclude that on average the path approaching the exit under higher angle (in absolute value) reached a lower travel time. The observed asymmetry of the average travel-time may be related to the shape of the corridor behind the exit. A very similar situation was observed during experiment E2, where the design was the same, but there was no corridor behind the exit. This modification may have caused no observable preferences of left-or right-hand side. In this experiment the paths with high |ϑ(i)| (related to motion along the walls) were even more frequent (see Figure 11 ).
Here we note that the data of E2 stem from one run with rather high occupancy, and, therefore, all the paths were measured in the congestion regime. Similar to to the travel-time analysis, we have also investigated the dependency of chosen angle ϑ and mean occupancy N . At first, an individual linear model for each participant α has been tested. We assume that for all paths i ∈ I α the absolute value of ϑ(i) is given by linear model
where ϑ α,0 can be interpreted as participant's preferred deviation from straight direction (ϑ α,0 ≥ 0), and c α is the slope of anticipated dependence. Studying the R 2 statistics expressing, how much the use of the linear model decreases the variance in ϑ(i), we found that for majority of participants the statistics value is rather low (R 2 < 0.3). For visualization see Fig. 12 . The linear model corresponds well to data related to participants with a consistent strategy, i.e. preferring bypassing the crowd (ped 4) or preferring direct pushing through the crowd (ped 71). Nevertheless, many participants tried to follow both strategies (ped 2). For those the linear model gives nonsensical results.
Strategy Classification
The previous section has shown that in contrast to T T -N dependence the linear model fails to characterize the dependence of the chosen angle on the mean occupancy. In this section we try to explain the relation between N (i), ϑ(i), and T T (i) with respect to the chosen strategy. Our investigation is based on data from experiment E4.
First, let us concentrate information on all trajectories into one overview graph (see Fig. 13 ). Each trajectory i ∈ I is represented by one point; x-axis shows the average occupancy N (i), y-axis the exit angle ϑ(i), and the colour reflects the travel time T T (i). This supports the hypothesis that trajectories bypassing the crowd are "faster" than those heading directly towards the exit. This effect is getting stronger if mean occupancy N increases. Further, data clustering justifies the division into free-flow and congested regimes using the occupancy threshold N = 15.
Let us now have a closer look at individual participants. We assume that there are two possible route choices to be followed: either walking directly towards the exit regardless of the size of clogging or bypassing the crowd once clogging increases. In both cases , the pedestrian's travel time T T is (1) or is not (0) significantly affected by the mean occupancy N . Therefore, the pedestrians strategy can be described by a triplet
where direct and bypss are boolean variables denoting whether the participant's travel time is significantly affected by the occupancy, if walking directly or bypassing respectively, or not. The variable preferred ∈ {direct, bypass, both} denotes the preferred routechoice of the participant. The possible strategies can then be interpreted as follows:
• (1,1,?) Slow in crowd regardless of route-choice.
• (1,0,?) Slow if pushing through directly, but fast if bypassing crowd.
• (0,0,?) Fast regardless of route-choice.
The frequency of strategies observed is given in Table 2 . The classification has been performed by naked eye. Three ϑ − N − T T diagrams representing individual strategies are given in Fig. 14. Three ϑ − N − T T diagrams representing pedestrians with combined strategies are given in Fig. 15 . . ϑ − N − T T graphs for three representatives of studied strategies. Colormap reflects T T and is the same as in Fig. 13 The above graphs and tables offer the following conclusions.
• Approximately one half of the participants can be considered as non-aggressive in the sense that they neither push through the crowd nor try to bypass the crowd in order to reach a low travel time.
• Approximately one quarter of the participants can be considered as aggressive in the sense that they push directly through the crowd or bypass it effectively to reach low travel time.
• Approximately one quarter of the participants cannot push effectively through the crowd directly, but is successful in reaching a lower travel time if taking a bypass.
Conclusions
This article offers a deeper insight into the behaviour of pedestrians during egress situations through a narrow bottleneck. Due to automatic image recognition and multiple . ϑ − N − T T graphs for three representatives of combined strategies. Colormap reflects T T and is the same as in Fig. 13 records of individual pedestrians, it was possible to analyse individual pedestrians behaviour under varying conditions. Firstly, dependence of travel time on the number of pedestrians in the room has been modelled using a piece-wise linear model for each participant. The slope of linear dependence is closely associated with an individuals ability to push through the crowd. This individual approach explains the high variance in relative travel time, which increases with increasing mean occupancy of the room.
This ability to push through the crowd is then further investigated by means of the angle under which the pedestrian joins the crowd in front of the exit. The study shows that the ability to push through the crowd can be partially associated with the aggressiveness of the individuals.
Approximately one half of the pedestrians was not able to push through the crowd regardless of the chosen route. On the contrary, approximately one quarter was able to push effectively through the crowd directly or if bypassing the crowd. Such pedestrians can be denoted as aggressive in the sense that they are able to win conflicts with others. To support this idea, we found out many acts of aggressive behaviour from the camera records such as pushing, rude overtaking, or blocking each other. The concept of aggressiveness as pedestrians property fits this idea.
The remaining quarter was able to reach low travel time if bypassing the crowd, but was not able to push effectively through the crowd directly. Such pedestrians are not aggressive, but rather make the use the conditions for their benefit by reacting on the overcrowded area in front of the exit.
We consider this study to be applicable in microscopic simulations of pedestrian flow. Indeed, as shown in e.g. (Hrabák and Bukáček 2017) , introducing heterogeneity into the ability to win conflicts and reaction into the occupancy enables to reproduce some patterns observable in pedestrian egress experiments, as e.g. line formation, bypassing the crowd, getting trapped in the clogging close to the exit door.
Using the boolean triplet to describe pedestrian strategy categorizes participants into 12 strategy groups. Generally, more smooth description and therefore less strict categorization could be defined, as e.g. continuous approach in all three elements. The coefficient of "aggressiveness" (slope of the linear model) quantifies the efficiency of the strategy chosen. A deeper analysis of this relation as well as the alternative strategy definition is a matter of further research.
